Diffuse reflectance spectroscopy (DRF), attenuated total reflectance spectroscopy (ATR) and Fourier transform infrared photoacoustic spectroscopy (PAS) are useful techniques that are commonly used to characterize soil properties. Here, these techniques were used to evaluate individual properties of 1456 paddy soil samples from Nanjing, China, to explore their features in the mid-infrared range. The diffuse reflectance spectroscopy showed broad and shouldered peaks that ranged from 4000 to 500 cm −1 . Attenuated total reflectance spectroscopy produced main peaks around 1000 cm −1 . Fourier transform infrared photoacoustic spectroscopy spectra showed several moderate intensity peaks in the regions of 4000-2600 and 2500-500 cm −1 . The effective variables (wavenumbers) were selected using an uninformative variable elimination (UVE) algorithm to predict soil pH, and soil organic matter (SOM), total nitrogen (TN) and available phosphorus (AP) contents; it used a self-adaptive partial least squares model (SAM-PLS). The results showed that selected wavenumbers improved the accuracy of prediction for pH, and SOM, TN and AP contents. For the prediction of pH, ATR spectra showed marginally better performance than the other spectra. The DRF spectroscopy was the optimal method for SOM and TN prediction. Available phosphorus contents were predicted poorly by all three spectra. Furthermore, mid-infrared incident light paths, absorption modes, sensing styles, as well as peak interference and the prediction model, were the main factors that affected the assessment of soil properties in the three types of spectroscopy.
Introduction
Soil scientists involved in precision agriculture and agricultural intensification strive to compile conclusive knowledge on soil properties and methods to increase soil productivity and decrease environmental risks. Laboratory analyses, however, are costly and time-consuming. This has led to the development of sensing techniques to assess soil properties without the need for laboratory analyses. Infrared spectroscopy is one of the techniques commonly the functional groups that are typically characterized by distinct mid-infrared regions (e.g. aromatics, carbonyls or aliphatics) cannot be quantified by traditional chemical analytics.
Diffuse reflectance Fourier transform mid-infrared spectroscopy (DRF), attenuated total reflectance spectroscopy (ATR) and Fourier transform infrared (FTIR) photoacoustic spectroscopy (PAS) are commonly used for soil analysis (Viscarra Rossel et al., 2011) . Diffuse reflectance spectroscopy is based on the detection of electromagnetic radiation reflected at a characteristic wavelength, and does not require direct contact between the sensor and the soil samples. The energy that penetrates one or more particles is reflected in all directions ( Figure 1a ). This technique can be applied rapidly and non-destructively to quantify total soil organic carbon, total carbon, clay, iron oxide, phosphorus, calcium and magnesium (Camargo et al., 2015; Sarathjith et al., 2016; Pinheiro et al., 2017) .
Spectra of ATR are obtained from the absorption of an evanescent wave that is transmitted through an internal reflection element of a high refractive index and penetrates the sample (Rees et al., 2007) . In attenuated total reflectance spectroscopy, a radiation pulse entering a crystal undergoes total internal reflection when the angle of incidence at the interface between sample and crystal is greater than the critical angle, where the latter is a function of the refractive indices of the two surfaces ( Figure 1b) . Direct contact between the sample and the ATR crystal is required, which can be achieved easily using liquids, pastes and powders. This method has been used for soil identification, and nitrate, clay, sand and organic and inorganic C measurement (Jahn et al., 2006; Ge et al., 2014) .
Fourier transform infrared photoacoustic spectroscopy is based on the absorption of electromagnetic radiation by analyte molecules. Non-radioactive relaxation processes induce local warming of the soil sample matrix. Pressure fluctuations are then generated by thermal expansion, which can be detected using a sensitive microphone (Figure 1c ). The resulting spectrum differs from both equivalent transmission and reflectance spectra because this technique detects non-radioactive transitions in the sample (Du & Zhou, 2011) . The advantage of PAS is that the shape of the photoacoustic spectrum is independent of the sample's morphology. Fourier transform infrared photoacoustic spectroscopy has been used to identify soil types and evaluate soil organic matter, nitrogen, phosphorus, potassium and calcium carbonate contents (Du & Zhou, 2011) . Moreover, PAS is unique for its use in-depth profiling of soils at the micrometre scale, which facilitates chemical characterization at differing depths .
The full spectrum can be used to assess soil properties; however, the benefits originating from a full cover of the mid-infrared ranges are compromised by multicollinearity and noise (Vohland & Emmerling, 2011) . Irrelevant information used in the calibration model may reduce the model's prediction accuracy (Centner & Massart, 1996) . To prevent this, several algorithms have been developed to eliminate such irrelevant information. The advantages of uninformative variable elimination (UVE) are user independence and circumvention of configuration problems. Yang et al. (2012) explored the UVE method to reduce the number of variables (wavelengths) in the visible and near infrared range from 2100 wavelengths to around 200-300 wavelengths. They concluded that UVE can reduce the number of wavenumbers considerably while retaining sufficient prediction accuracy for total N, total C, organic C and inorganic C in soil. The self-adaptive partial least squares model (SAM-PLS) (Ma et al., 2016 ) is an advanced model used in our previous research, which incorporated an identification algorithm and a partial least squares regression (PLSR). This model produced increased prediction accuracy (Ma et al., 2017) , which was used in this study to evaluate the differences in three types of spectra.
The aim of this study was to use three techniques to assess soil pH, and soil organic matter, total nitrogen and available phosphorus contents in paddy soils; specifically, to (i) evaluate the features of different spectra, (ii) apply the method of UVE and the SAM-PLS model to reduce interference of uninformative data and (iii) analyse the performance of three mid-infrared techniques to assess soil properties.
Materials and methods

Paddy soil samples and measurement of soil properties
The study area (31 ∘ 23 ′ N/118 ∘ 51 ′ E to 31 ∘ 48 ′ N/119 ∘ 14 ′ E) was in Nanjing, Jiangsu Province in eastern China (Figure 2 ). Topsoil samples (0-20 cm) were collected from 1456 paddy soil plots. In the laboratory, the soil samples were sieved through a 2-mm mesh, homogenized, air-dried, and the pH, SOM, TN and AP were measured by conventional methods (Zhu, 1999) . The SOM was determined by the hydrated heat potassium dichromate oxidation colorimetry method. Total N was measured using the Kjeldahl method. Available P was extracted with CH 3 COONH 4 ( ATR spectroscopy. Attenuated total reflectance spectra were scanned on a hand-held TruDefender Fourier transform spectrometer (Thermo Fisher Scientific). Spectra were recorded over the range from 4000 to 400 cm −1 with a spectral resolution of 4 cm −1 . Each sample was pressed against the diamond reflection element for improved contact, and a blank reference was scanned before each sample was scanned. The background was subtracted from each scan to correct for atmospheric and instrumental noise.
PAS spectroscopy. Fourier transform infrared photoacoustic spectra were recorded with a Nicolet 6700 spectrophotometer (Thermo Fisher Scientific) equipped with a photoacoustic cell (Model 300, MTEC, Ames, IA, USA). After placing the sample (about 200 mg) in the cell-holding cup (5-mm diameter, 3-mm height), the cell was purged with dry helium (10 ml minute −1 ) for 20 s to minimize interference by CO 2 and H 2 O. The samples were then scanned from 4000 to 400 cm −1 . For each sample, 32 scans were performed at 4 cm −1 resolution and a mirror velocity of 0.32 cm s −1 . A black carbon reference was recorded as background between every ten samples to standardize the intensity of the spectra.
Multivariate calibration approaches
Pre-processing of spectra data. The spectra were pre-processed with a Savitzky-Golay smoothing filter (Savitzky & Golay, 1964) to eliminate baseline float, remove noise and improve the signal-to-noise ratio. Savitzky-Golay smoothing is superior to adjacent averaging because it tends to preserve spectral features, such as peak height and width, which can be lost when smoothing is carried out by adjacent averaging (Du & Zhou, 2011) . Moreover, edges at 500-400 cm −1 were removed because these parts of the spectra were unstable and contained noise. The MATLAB R2013a software (MathWorks, Natick, MA, USA) was used to smooth the data, as well as for all other statistical analyses performed.
The pre-processed spectral data and soil properties were used to establish calibration models for pH, SOM, TN and AP. Individual samples that were far from the zero line of residual variance were deemed as outliers and excluded from the dataset. The samples were divided into a calibration dataset containing 70% of the spectra and a validation dataset containing the remainder.
Partial least squares (PLS) method.
Partial least squares is a bilinear modelling approach in which a matrix X contains variables (spectra), and a matrix Y can be described as a function of the elements of X (pH, SOM, TN and AP) for predicting with the smallest number of latent variables. In this study, all PLS models were assessed using a leave-one-out cross-validation (Yang et al., 2012) .
Self-adaptive partial least squares model (SAM-PLS).
A self-adaptive partial least squares model was constructed based on a PLS model for soil prediction. First, the relative distance between an unknown soil sample and samples from the calibration dataset was calculated using the Euclidean distance. After this, the soil samples were sorted by the value of the distance from minimum to maximum; then the optimized samples and the number of samples in the calibration dataset were subjected to partial least squares regression to create a calibration model for each method of spectral modelling (Ma et al., 2016) . In a SAM-PLS model, a valid calibration dataset was important. The advantage of a self-adaptive model was that each sample had its own model and calibration dataset.
Uninformative variable elimination (UVE).
To extract the effective and relevant wavenumber information from the full spectral data, UVE was used to eliminate uninformative wavenumbers. Uninformative variable elimination evaluates the reliability of any one variable in the model by analysing the stability of the PLSR coefficients (Centner & Massart, 1996) , as follows:
where c j is the stability of the PLSR coefficient (b j ) for the wavelength of the jth variable, which is the ratio between the mean and standard deviation of b j . To examine variables that did not contribute to the PLSR model, an artificial random variable matrix with a range from 0 to max (b j /10 3 ) was added to the dataset, and their c j values were calculated if:
where is the percentage of the maximum of |c j | of the artificial random variables. The jth variable in the dataset was regarded as uninformative because it provided no additional information to the random variables. In this study, was set to 1 (Yang et al., 2012; Centner & Massart, 1996) . The Matlab codes used for UVE are provided in Appendix S1.
Evaluation of SAM-PLS prediction model. The evaluation
indices of predictive capability for three spectroscopy methods and SAM-PLS models were coefficients of determination (R 2 ), the root mean square error (RMSE), the ratio of performance to deviation (RPD) and the ratio of performance to interquartile (RPIQ). Bellon-Maurel et al. (2010) have pointed out that RPD was used for normally distributed data but the RPIQ was used for skewed data. The statistical distributions of soil properties, for example the values of pH, SOM and TN, were normally distributed, whereas the AP data were skewed in our study. Because of these differences, the standard deviation would not have the same interpretation in normally distributed data and skewed data in terms of the range of data. Therefore, the interquartile range would represent the spread of the data better and RPD was replaced by RPIQ (Minasny & McBratney, 2013) . In addition, the R 2 and RPD (RPIQ) are the same as those used by Minasny & McBratney (2013) to evaluate the models. They are given by:
where y ′ i and y i are the predicted and observed values, respectively, and n is the number of datasets, SD is the standard deviation and Q 3 and Q 1 are the upper and lower quartiles, respectively.
Results
The features of PAS, ATR and DRF spectra
The average spectra from PAS, ATR and DRF spectroscopy (Figure 3 ) displayed various responses to molecular vibration at different peak positions from 4000 to 400 cm −1 . Fourier transform infrared photoacoustic spectroscopy showed the peak at 3670 cm −1 attributed to the stretching vibration of O-H in clay minerals; the weak peak at 3000 cm −1 was attributed to the stretching vibration of C-H of aliphatic methyl and methylene groups; the peak at 1954 cm −1 corresponded to quartz overtones; stretching vibration of C=O was from carboxylic acids at 1721 cm −1 ; and the peak at about 1100 cm −1 represented the stretching vibration of Si-O from silicates and the stretching vibration of C-O in polysaccharides and nucleic acids (Calderón et al., 2013; Peltre et al., 2014) . Attenuated total reflectance spectroscopy produced the main wavenumbers for the stretching vibration of O-H in water, carboxyl and hydroxyl groups at 3560 cm −1 , the stretching vibration of C=C in aromatics at 1640 cm −1 , and the stretching vibration of Si-O from silicates and quartz at 1000 cm −1 and amine NH 2 out of plane vibrations at 766 cm −1 (Smidt & Meissl, 2007) . Diffuse reflectance Fourier transform mid-infrared spectra produced the main absorption peaks for the stretching vibration of O-H and N-H in water, carboxyl and hydroxyl groups as a broad range spanning 3560-3100 cm −1 ; the stretching vibrations of C-H from aliphatic methyl and methylene groups were at 2895 cm −1 ; and the peak at 1660 cm −1 was attributed to the stretching vibration of C=C and C=O in amides and aromatics. The types of molecular vibrations contain bending or deformation vibrations, whereas the bond lengths remain unchanged. They can be subdivided into in-plane mode and out-of-plane mode. These modes are often referred to as twisting, wagging and rocking vibrations of a fragment. The stretching vibrations of C-OH, COO − and C-H in-plane bending vibration were from methyls, carboxylate, phenols and aromatics between 1400 and 1250 cm −1 (Janik et al., 2007; Movasaghi et al., 2008) . 
Selection of variables (wavenumbers)
The stability of variables (wavenumbers) for the prediction of soil pH, SOM, TN and AP contents was analysed by UVE (Figure 4) . Wavenumbers to the left of the vertical line and outside the two blue horizontal lines were the effective wavenumbers (Wu et al., 2009) . Thus, the numbers of effective wavenumbers selected in PAS, ATR and DRF spectra for the prediction of soil property values were (i) pH: 418, 550 and 396, (ii) SOM: 236, 444 and 538, (iii) TN: 288, 393 and 599 and (iv) AP: 389, 526 and 386, respectively. Each effective wavenumber carried information on the position of molecular vibrations. These molecular vibrations could constitute the functional groups. Thus, Figure 5 shows the effective wavenumbers selected for pH, SOM, TN and AP, and the positions contain the information about related functional groups in the spectra of PAS, ATR and DRF. refer to overtones of C-OH in carbohydrates and quartz overtones (Janik et al., 2007) . The wavenumbers in the range from 1594 to 1361 cm −1 are mainly attributed to the stretching vibration of N-H and C-H in amides and the aliphatic groups, and COO − in carboxylate (Madejova, 2003) , especially the stretching vibration of CO 3 2− in carbonates (Viscarra Rossel & Behrens, 2010) . The N-H wagging vibrations from primary and secondary amines are shown at 780-748 cm −1 (Smidt & Meissl, 2007) . A primary amine is an active compound with weak alkalinity, which might also affect pH. Figure 5(b) shows that the wavenumbers at 4000-3620 cm −1 are associated with the stretching vibration of O-H in clay minerals, and the range from 3100 to 2776 cm −1 is associated with the stretching vibration of C-H in aliphatic methyl and methylene groups. The wavenumbers from 2615 to 2391 cm −1 indicate the stretching vibration of CO 3 2− in carbonates. The absorption at 2311-2078 cm −1 refers to overtones of C-OH in carbohydrates (Bernier et al., 2013) . The wavenumbers at 850-768 cm −1 represent NH 2 out-of-plane bending vibrations in primary amines (Smidt & Meissl, 2007) . The selected wavenumbers in the DRF spectra (Figure 5c ) contained the functional groups in the PAS spectra and the ATR spectra mentioned above.
The effective wavenumbers related to the prediction of SOM values in PAS and ATR spectra are shown in Figure 5(d,e) . The wavenumbers are mainly located in the ranges 2973-2696 cm −1 , 2194-1173 cm −1 and 868-564 cm −1 . They are associated with the stretching vibration of C-H in aliphatic methyl and methylene groups, overtones of C-OH in carbohydrates and quartz overtones, the symmetric stretching vibration and asymmetric stretching vibration of CH 2 , the stretching vibration of C=C, COO − and the stretching vibration of CO 3 2− in carbonates, aromatics and carboxylate (Calderón et al., 2013; Soriano-Disla et al., 2018) . The N-H wagging vibrations in secondary amines (Smidt & Meissl, 2007; Yeasmin et al., 2017) are in the range 750-700 cm −1 . The region from 680 to 580 cm −1 is attributed to iron oxides (Soriano-Disla et al., 2018) . In the spectra of DRF (Figure 5f ), the main wavenumbers are in the range from 3225 to 1514 cm −1 , which is associated with C in aliphatic and hydroxyl groups, methylene groups, carbonates, carboxylic acids, amides, aromatics and phenol groups (Peltre et al., 2014) .
The effective wavenumbers for TN are similar to those for SOM (Figure 5g-i) . In addition, they contain all wavenumbers relating to N, including the stretching vibration of N-H in amides at 3000-2800 cm −1 , the bending vibration of N-H in amine at 1610 cm −1 , the stretching vibration of N-H in amide II at 1570-1540 cm −1 and the stretching vibration of C-N in amide III at 1330 cm −1 (Du & Zhou, 2011; Peltre et al., 2014) . The effective wavenumbers for AP (Figure 5j-l) cover the wavenumbers for SOM and TN mentioned above, which suggest that the prediction of P values is related to organic matter and nitrogen compounds. However, there was no P-related molecular bond in the study region. 
Comparison of three types of spectra using the SAM-PLS model
All wavenumbers in the spectra and the effective wavenumbers were used in the SAM-PLS model to predict the values of pH, SOM, TN and AP (Figure 6 ), and the results were compared (Table 2) . For all the wavenumbers, the results with the ATR spectra showed the best prediction accuracy for pH (with RMSE and RPD values of 0.52 and 2.36, respectively) and TN (with RMSE and RPD values of 0.38 g kg −1 and 2.15, respectively). The best RPD value of 2.38 was for SOM from the DRF spectra. The SAM-PLS model performed poorly with respect to AP with all three types of spectra. The performance of SAM-PLS with effective wavenumbers improved. The ATR spectra produced the best prediction results for pH (RMSE and RPD were 0.29 and 3.31, respectively). The best prediction results for SOM were obtained with DRF spectra (RMSE and RPD were 2.74 g kg −1 and 3.49, respectively). Good prediction accuracy for TN was obtained with DRF spectra (RMSE and RPD were 0.24 g kg −1 and 3.23, respectively). Although the selected wavenumbers improved the performance of the model with respect to AP, the prediction results did not satisfy the weakest criterion (RPIQ < 2) for the assessment of soil properties.
Discussion
Features of the PAS, ATR and DRF spectra
The soil spectra recorded responses of the soil components and scattering effects based on molecular vibrations (Raj et al., 2018 ).
The three spectra showed different intensities for the same molecular vibrations. The spectra of PAS differed from both equivalent transmission and reflectance spectra because this approach is based on the acoustic wave amplitude, which is proportional to the absorption and concentration of the absorbing gas (such as air, argon or helium) , Du & Zhou, 2011 . Attenuated total reflectance spectroscopy requires close contact between the sensor and the soil samples, and the beam loses energy because the sample absorbs radiation (Lal & Stewart, 2015) . Diffuse reflectance Fourier transform mid-infrared spectroscopy is based on the detection of electromagnetic radiation reflected without requiring direct contact between the sensor and soil. Diffusely scattered light emissions can then be collected directly from material in a sample cup (Lal & Stewart, 2015) . Soil sample heterogeneity and variation are likely to decrease prediction accuracy (Raj et al., 2018) . The complexity of soil constituents constitutes a substantial problem for spectral-based soil characterization (Wight et al., 2016) . In our study, the ATR spectra performed well in predicting pH, and DRF spectra showed advantages for predicting SOM and TN. Figure 7 shows the different detection positions of soil particles by each spectral technique. Figure 7 (a) shows that the incoming light to the DRF instrument was reflected by soil particles in different directions and scattered diffusely, and only a fraction of the reflection was recorded by the instrument; the rest was either absorbed or lost (Viscarra Rossel et al., 2011) . With the ATR technique (Figure 7b ), soil particles are in close contact with the ATR crystal, so the inner part of the soil particles might be exposed. The fraction of light that enters the crystal is reflected internally multiple times, and could scan the inner structure of the soil particles. One considerable advantage of PAS is the step-scan mode, in which features at different depths in a soil sample are detected, with the spectra being recorded by the instrument (Figure 7c) .
Selection of the effective wavenumbers
Considering the background, noise, peak interference and overlap of spectra, it is important to extract effective information. Retaining only a small number of wavenumbers would lead to the loss of information and decreased robustness and accuracy of models. However, a large number of wavenumbers retained might include uninformative data and result in a poorly performing model (Li et al., 2014) . Curcio et al. (2013) used the PLSR model and pointed out the key wavelengths for quantifying soil texture in near-infrared ranges. Similarly, the effective wavenumbers could be selected by standardized methods in the mid-infrared range.
It is worth noting that the effective wavenumbers for soil pH were associated with the functional groups O-H in clay minerals, water, phenols, carboxyl and hydroxyl groups, and COO − , CO 3 2− in carboxylates, carbonates and carboxylic acids. The above functional groups might be related to H + . The effective wavenumbers for SOM values were associated with the carbon functional groups, as well as the absorption of iron oxides. Several similar wavenumbers were found in both SOM and TN spectra, which suggests a strong correlation between TN and SOM in the mid-infrared range. Meanwhile, the same wavenumbers in both SOM and TN spectra confirmed the conclusions from previous research in the literature that soil N content is strongly correlated with that of C (Chang et al., 2002; Yang et al., 2012) . In addition, the SOM and TN spectra were related to Fe oxides (Viscarra Rossel & Behrens, 2010; Yang et al., 2012) .
Prediction results
Better performance of selected wavenumbers than with all the wavenumber spectra can be attributed to the somewhat reduced over-fitting by the exclusion of unnecessary wavenumbers in an optimal model (Raj et al., 2018) . Using all the wavenumbers for prediction could lead to prediction errors of soil properties because of interference and noise. Previous studies found that fewer selected wavenumbers can enhance prediction accuracy (Chang et al., 2001) . The selected wavenumbers accounted for 58.9% (ATR) of the total wavenumbers for prediction of pH, and 57.6% and 64.1% (DRF) for prediction of SOM and TN, respectively, which demonstrated the efficiency of optimal wavenumbers.
Predictions of AP values were poor compared with the other soil properties. The reason might be a weak correlation between absorption and the molecular vibration of phosphorus in the mid-infrared range. Although the UVE method can select optimal wavenumbers, and improve the accuracy of prediction, the weak response of the three spectra led to poor performance in predicting AP, regardless of soil sample heterogeneity and variability.
Previous studies have used methods for the selection of wavenumbers and prediction modelling, such as competitive adaptive reweighted sampling (Li et al., 2009) , mutual information-based adjacency (Sarathjith et al., 2016) , principal component analysis (Chang et al., 2001) , wavelet transformation (Ge et al., 2014) and genetic algorithms (Leardi et al., 1992) , which aimed to reduce model complexity and increase accuracy. Our results have shown that reliable selected wavenumbers could improve model accuracy because of avoidance of over-and under-fitting to some extent by the exclusion of interference and unimportant wavenumbers.
Conclusions
Three useful mid-infrared spectra (diffuse reflectance spectroscopy, attenuated total reflectance spectroscopy and Fourier transform infrared photoacoustic spectroscopy) have been used to predict soil properties (pH, SOM, TN and AP), and the prediction results were compared. A UVE method and SAM-PLS modelling proved to be effective for improving the accuracy of prediction. The results showed good performance of the ATR spectra for the prediction of pH, DRF spectra showed the greatest accuracy of prediction for SOM and TN, but all three types of spectra performed poorly regarding the prediction of AP. The quantitative assessment efficiency of each technique might be affected by the contact between the sensor and soil sample, light paths, the position of soil particles for detection by infrared incident angles, peak interference and the prediction model. Future studies should investigate the respective advantages of each technique for evaluation of the properties of various soils.
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